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Abstract: Water quality impacts due to non-point source pollution can be significant particularly in
environmentally sensitive areas. They may, however, be difficult to quantify, since the magnitude is heavily
influenced by climatic, geomorphologic, lithologic and pedologic characteristics. A conceptual model for
continuous daily simulation is proposed to reproduce the quali-quantitative response of a Sicilian
catchment. Short-term water quality monitoring is necessary to assess the hydrological response of
catchments characterised by hot dry summers and rainfalls with short duration and high intensity. The
quantitative sub-model comprises two modules: a non linear loss model, to transform total rainfall in
effective rainfall, which involves calculation of an index of catchment storage based upon a non-linear
triggered exponentially decreasing weighting of precipitation and temperature; a linear convolution of
effective rainfall with the total unit hydrograph with a configuration of one parallel channel and reservoir,
corresponding to ‘quick’ and ‘slow’ components of runoff. The qualitative sub-model here presented deals
with a conceptual form of the unit-mass response function of non-point source pollutants runoff. It connects
flow discharges to concentrations of pollutants, as nitrates and orthophosphates by means of components of
IUH (Instantaneous Unit Hydrograph) describing the quantitative response of the system. This paper
explores how the limitations inherent in the modelling processes can be reflected in the estimation of
predictive uncertainty. The Generalised Likelihood Uncertainty Estimation (GLUE) approach is used here
in the estimation of predictive uncertainty of both, quantitative and qualitative, sub-models. With this
methodology it is possible to make an assessment of the likelihood of a parameter set being an acceptable
simulator of a system when model predictions are compared to measured field data.
Keywords: Water quality model; non-point source pollution; uncertainty.
1. INTRODUCTION
Surface water pollution by nutrients is typical of
non-point source pollution (NPSP), especially in
natural areas. The diffuse nutrients loss is
considered to be a major environmental problem
that threatens drinking water supplies and
contributes to the eutrophication of surface
waters. Diffuse pollution, mainly of agricultural
origin, constitutes a significant fraction of the
total pollution loads discharged into a water
body. Assessment of source magnitude may be
difficult because it is a function of such factors as
the hydrology, soils, geology, vegetation as well
as human-origin pollution loading.
A large number of models have been developed:
they range from simple applications of basic
hydrological procedures with added unit

pollutant loads, to highly complex hydrological
surface and ground-water runoff quantity and
quality models. The basic premises of
hydrological simulation models is an interaction
among hydrological and pollution-generation and
transport processes [Novotny and Olem, 1994].
The choice of a suitable hydrological model is a
key question in the description of all hydrological
processes. From this point of view, conceptual
lumped models have the advantage that inputs
are simple to obtain and provide good predictive
accuracy, at least in high yielding catchments
[Schreider et al, 1995; Ye et al, 1997].
Furthermore, conceptual lumped models allow
the problem of overparameterization to be
overcome [Jakeman and Hornberger, 1993]. This
problem is important when a rainfall-runoff

model is applied to those cases where only few
and highly irregular data are available.

weighting of precipitation and temperature
conditions:

The estimation of the predictive uncertainty of
quali-quantitative models is an important and
challenging area of research to be addressed by
both the scientific community and governmental
decision-makers. When predictive uncertainty is
taken into account it may significantly affect
conclusions ascertained from model predictions.
The
Generalised
Likelihood
Uncertainty
Estimation (GLUE) methodology of Beven and
Binley [1992] is used here in the estimation of
predictive uncertainty of a quali-quantitative
model. GLUE is a Bayesian Monte Carlo
simulation-based technique that was developed as
a methodology for the calibration and estimation
of uncertainty of predictive models in equifinality
scenarios.
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In this paper a conceptual rainfall-runoff model
is linked to a model of non-point source
pollutants to reconstruct the NPSP runoff in a
natural catchment. The paper focuses on the
issues of the quali-quantitative model prediction,
uncertainty and sensitivity inherent in the
predictions of hydrological and nutrient
characteristics. The GLUE methodology is
demonstrated using the quali-quantitative
simulations of a research site located in Sicily,
Italy.
2.

MODEL STRUCTURE

2.1

Conceptual model of hydrological
response
The hydrological response of the catchment has
been modelled by means of the conceptual
rainfall-runoff model IHACRES (Identification of
Hydrographs And Components from Rainfall,
Evapotranspiration and Streamflow Data) which
undertakes identification of hydrographs and
component flows purely from rainfall,
evaporation, and streamflow data [Littlewood et.
al, 1997]. In IHACRES the rainfall-runoff
processes are represented by two modules: (1) a
non linear loss module transforms precipitation
to effective rainfall by considering the influence
of the temperature, and (2), after this, a linear
module based on the classical convolution
between effective rainfall and the unit
hydrograph to derive the total streamflow.
The non-linear loss module involves calculation
of an index of catchment storage s(t) for time step
t, based upon an exponentially decreasing














where s(t) is the catchment storage index varying
from 0 to 1, τw[T(t)] is a variable controlling the
rate at which the catchment wetness index s(t)
decays in the absence of rainfall, τw is the value
of τw[T(t)] at T=20°C, c is a parameter chosen to
constrain the volume of effective rainfall to equal
runoff, f is a temperature modulation factor on
the rate of temperature, Z-1 is the backward shift
operator. The effective rainfall u(t) is computed
as the product of total rainfall r(t) and the storage
index s(t):
u(t) = s(t) ⋅ r(t)

(3)

In this paper, following Ye et al. (1997), one
extra parameter p was used to generate uk to take
in account the strong non-linearities caused by
the impact of long dry periods on the soil surface
of low-yielding ephemeral catchments. That is:
u(t) = s(t) p

(4)

where p represents the exponent of a power-law
used to describe the non-linearity.
The linear convolution of net rainfall with the
total unit hydrograph is allowed to be any
configuration of conceptual elements in parallel
and/or in series. Italian studies on several
catchments in southern Italy [Claps et al, 1997;
Murrone et al, 1997; Candela et. al, 2002], led to
the identification of catchment response in the
form of a linear combination of components each
describing three main runoff components: surface
flow, subsurface flow and baseflow. For the lowyielding catchment examined here a new
configuration with two parallel elements is
proposed, with a linear channel corresponding to
the ‘quick’ component of the total streamflow
and a linear reservoir corresponding to the ‘slow’
component of the total streamflow. The form of
the impulse response deriving from the
combination of these two linear elements has
been expressed as:
h( t ) = c (q ) ⋅ δ ( t ) + c (s ) exp(− λt )

(5)

c (q ) + c ( s ) = 1

(6)

The response of the quick component is
expressed in the form of Dirac delta function δ(t),

because the catchment time lag is enough smaller
than the time interval of data aggregation and is
fed by a fixed percentage of c(q) of effective
rainfall. The slow component is expressed with
an exponential decay law characterised by a
coefficient λ equal to the inverse of the time
constant for the reservoir τ(s) fed by a fixed
percentage of c(s) of effective rainfall.
2.2

Conceptual model of Unit-Mass
Response Function
The qualitative model deals with a conceptual
form of the unit-mass response function of NPSP
runoff to discharged water volume. It connects
flow discharges to concentrations of pollutants,
such as nitrates, N-NO3, and orthophosphates, PPO4. Pollutant loads have been evaluated as the
product of daily discharges and field data of daily
concentrations.
The modelling approach presented here is related
to runoff components of IUH models. Actually, it
is possible to link directly unit hydrograph
concepts to pollutant runoff-water via definition
of a unit-mass response function (UMRF). Such a
function is defined as a mass flux against time in
response to a rainfall event of unit intensity and
duration distributed uniformly over the
catchment.
Following Zingales et al. [1984] and
Bendoricchio and Rinaldo [1982] the UMRF has
been obtained by integration of the mass balance
equations for the two elements, a canal and a
reservoir in parallel. In terms of UMRF, the xth
pollutant load (g/s) is:
ptot = p(xq ) + px(s )

(q ) ⋅ q (q )
p(xq ) = CE,
x

(7)


(s ) ⋅ q (s ) ⋅ 1 −
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3. THE GLUE METHODOLOGY
The work presented in this paper explores the
estimation of the uncertainty associated with
predictions of the quali-quantitative model
utilising the Generalised Likelihood Uncertainty
Estimation (GLUE) methodology [Beven and
Binley, 1992]. GLUE is a Monte Carlo
simulation-based approach developed as an
attempt to recognise more explicitly the
underlying uncertainties of models simulating
environmental processes. The GLUE approach
rejects the concept of an optimum parameter set
and assumes that, prior to input of data into a
model, all parameter sets have an equal
likelihood of being acceptable estimators of the
system in question. Many parameters sets are
generated from specified ranges using Monte
Carlo simulation. Then performance of
individual parameter sets is assessed via
likelihood measures which are used to weight the
predictions of the different parameter sets. This
includes the rejection of some parameter sets as
non-behavioural. All other weights from
behavioural or acceptable runs are retained and
rescaled so that their cumulative total is equal to
1. The cumulative likelihood weighted
distribution of predictions can then be used to
estimate quantiles for the predictions at any time
step.



p (xs ) are pollutant flow rate

respectively due to quick surface runoff, q (q ) ,
and

equilibrium concentrations for the two discharge
components and for the xth pollutant are time
dependent parameters connected with the number
of chemical species supplied to the soil, with
current reaction processes and with complicated
removal mechanisms due to earlier rainfall
events. The mass transfer coefficient measures
the actual speed of chemical transfer from the
interphase (where fixed and mobile phases are in
equilibrium) to the bulk of the mobile phase.

slow subsurface runoff,

(q )

q (s ) , C E,x and

(s ) are equilibrium concentrations for the two
C E,x

discharge rates and for the xth pollutant, hx(s ) is
the mass transfer coefficient for the slow
component and for the xth pollutant, and λ is
the storage coefficient of the slow component.
The application of equation (7) requires basin

(q ) , C (s ) and h(q ) . The
average values of C E,
x
x
E, x

4. CASE STUDY
The Nocella catchment with an area of 99 km2 is
an agricultural and urbanised (15%) catchment
located in the north-western part of Sicily, Italy
(Figure 1). It receives approximately 750 mm of
precipitation annually, of which some 27% of
this annual total is discharged (mean annual
runoff 200 mm).
The area can be considered as reasonably
geologically homogenous, the dominant rock type
is limestone, covered with calcareous soils.
Vegetation is characterised by agricultural plots,
and the valley bottom is used as pasture and
farmland. Sparse woods are present in the upper

part of the catchment. The climate is
Mediterranean with hot dry summer and rainy
winter season from October to April. The
hydrological response of this basin is dominated
by long dry seasons and following wetting-up
periods. Also, a slow hydrological response can
be identified because runoff is present at basin
outlet also during dry periods. A gauging station
(Nocella at Zucco) is located 6 km upstream the
river mouth with a catchment area of 56.6 km2.

1991 of rainfall and air temperature, spatially
averaged over the catchment, and discharge data
measured at the Nocella at Zucco gauging
station. Concerning the qualitative model, input
data comprise continuous measures of daily
discharge and contemporary nitrogen (N-NO3)
and phosphorus (P-PO4) concentrations measured
at Nocella at Zucco gauging station site in March
2000. In order to reduce the number of
parameters a preliminary sensitivity analysis was
performed. This analysis has been carried out
simply generating 10000 uniform random sets of
parameters and using these sets to perform model
simulation. For each of these simulations a
performance index has been evaluated in the
form of Nash and Sutcliffe Efficiency Criterion
(1970):
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where L(θi /Y) is the likelihood measure for the ith
model simulation for parameter vector θi
Figure 1. Location of Nocella catchment.

5.

MODEL EVALUATION AND
UNCERTAINTY ANALYSIS USING
GLUE
A Monte Carlo procedure was used to generate
large numbers (104) of sets of parameters for both
models, each parameter value being drawn from
ranges thought feasible for the Nocella catchment
on the basis of physical argument and previous
experience (Table 1).
Table 1. Parameter ranges of quali-quantitative
model used in the Monte Carlo sampling
Parameter
c – volume-forcing constant (mm)
τw – basin drying time constant (days)
f – temp. modulation factor (°C-1)
c(q) – quick flow volumetric throughput
c(s) = slow flow volumetric throughput
τ(s) – slow flow time constant (days1)
p – power-law parameter
CE,x(q) CE,x(s) - equilibrium
concentrations for the two discharge
rates and for the xth pollutant
hx(s) - mass transfer coefficients for the
slow rate and for the xth pollutant

Lower
limit
0.001
1
0.1
0
0
1
0
0

Upper
limit
0.05
50
1
1
1
100
1
10

1

30

Simulations were performed for each sub-model
and for each parameter set for comparison with
the measured daily flows (rainfall-runoff model)
and measured pollutants discharges (qualitative
model). For the hydrological sub-model input
data are the daily series from May 1977 to April

conditioned on a set of observations Y, σi2 is the
associated error variance for the ith model and
2
σobs
is the observed variance for the period
under consideration. Figure 2 shows scatter plots
for the likelihood based on (8) for each of the
parameters sampled for the hydrological model.
Each dot represents one run of the model with
different randomly chosen parameter values
within the ranges of Table 1. The generation of
the likelihood surface involves a decision about
the criterion for model rejection; actually the
uncertainty bounds associated with the retained
simulations will depend on the choice of the
likelihood measure and rejection criterion.
Particularly, simulations that achieve a likelihood
value less than zero are rejected as nonbehavioural. The remaining are rescaled between
0 to 1 in order to calculate the cumulative
distribution of the predictive variables (Figure 3).
Cumulative distributions of c(q), c(s) and τ(s)
represent the input variables in the qualitative
model.

For the qualitative model 10000 uniform random

(

)

(s ) , C (q ) , h(s ) , each value
sets of parameters C E,
x E,x x
being drawn within the ranges of Table 1, are
used to perform model simulation for the xth
pollutant considered. Figure 4 shows scatter plots
for the likelihood based on (8) for each of the
parameters sampled for the qualitative model.
These plots show a general insensitivity of all
quality
parameters
for
both
pollutant
components. Simulations that achieve a
likelihood value of zero are rejected as non-

were found to be relatively wide, except that for
the initial period of the simulations.
1

1

0.8

0.8

0.6

0.6

L

L

behavioural. Following the rejection of nonbehavioural simulations, the weights rescaled
between 0 and 1 have been applied to their
respective model pollutant discharges to give a
cumulative distribution of pollutant discharges at
each time step, from which the chosen discharge
quantiles, 5 and 95%, have been calculated to
represent the model uncertainty.
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Figure 4. Scatter plots illustrating the
distribution of likelihood weighted qualitative
parameter values
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Figure 3. Cumulative distribution plots of
likelihood weighted hydrological parameter
values
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Figure 5 shows the pollutant discharge prediction
bounds calculated for the two species, N-NO3 and
P-PO4, based on the likelihood measure of
equation (8). Predicted observable pairs
corresponding to the 5% and 95% percentiles
limits of the cumulative distributions are used to
estimate uncertainties in the model predictions.
For both pollutant species uncertainty bounds

0
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Figure 5. Uncertainty bounds for pollutant
discharge predictions

6. CONCLUSIONS
This paper presents the results of applying the
GLUE methodology to the application of a
conceptual rainfall-runoff model, linked to a
model of non-point source pollutants to
reconstruct the NPSP runoff in a natural
Mediterranean catchment. The modelling
strategy was directed to a simple conceptual
model because it provides good predictive
accuracy in low-yielding catchments, especially
when only few and irregularly sampled data are
available. The effectiveness of this approach has
been carried out with reference to the
interpretation of nutrients field data. The GLUE
approach focuses on the issues of the qualiquantitative model prediction, uncertainty and
sensitivity inherent in the predictions of
hydrological and nutrient characteristics.
GLUE provides an estimate of the likelihood of a
model given the observations and thereby
includes the effects of model structural error
implicitly. The resulting prediction limits are,
however, quantiles of the model predictions, not
direct estimates of the probability of simulating a
particular observation, which is not easily
estimated given model structural error.
Uncertainty bounds were computed for
simulations of a period of measured flows and
nutrient loads and found to enclose the
observations. For both pollutant species
uncertainty bounds were found to be relatively
wide. These results have revealed that the model
is unable to reproduce the nutrient discharges
consistently and that the resulting predicted
nutrient loads must be associated with significant
uncertainty. This may be due in part to
interaction between model parameters leading to
equifinality between parameter sets.
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